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Introduction: High quality image interpretation is essential to detect early abnormalities on mammo-
grams. A better understanding of the types of image characteristics that are most challenging to readers
would support future education, as well as underpin advancements in Al modelling. This current work
focuses on radiography advanced practitioners (RAP) to establish if RAPs and radiologists are challenged
by the same characteristics.
Methods: This was a prospective, comparison study of radiographer and radiologist mammography
readings. Using a cloud-based image interpretative platform and a 5 MP display, 16 radiographers and 24
radiologists read a test set of 60 mammograms with 20 confirmed cancer cases. Difficulty indices were
calculated for each group based on error rates for each mammographic case. Unpaired Mann-Whitney
tests were employed to compare error rates between various image characteristics. Spearman correla-
tion analysis was used to establish if difficulty indices were associated with each cohort.
Results: Strong correlations for cancer and normal cases difficulty indices respectively (r = 0.83
Cl:0.61-0.93) and (r = 0.73; CI1:0.54-0.85) were shown between both groups. Greatest difficulty scores
were shown for cases with soft tissue appearances as opposed calcifications (p = 0.003) and for cases
without prior images, compared to those with (p = 0.03). No significant image characteristic differences
were noted for the radiologists.
Conclusion: This early study acknowledges a strong correlation between radiologists and radiographers
when determining which mammographic cases are difficult to interpret. However, radiographers appear
to be more susceptible to varying cancer appearances as well as the non-availability of prior images with
normal cases.
Implications for practice: The results should be helpful when tailoring educational strategies and
developing augmented artificial intelligence (Al) solutions to support human readers.
Crown Copyright © 2025 Published by Elsevier Ltd on behalf of The College of Radiographers. This is an
open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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current pressurised clinical environments.®> Understanding these
difficult to interpret cases also supports the development and

Introduction

Early identification of breast cancer allows for timely in-
terventions, potentially reducing aggressive treatments and mor-
tality rates.! High quality mammography interpretation is
essential to correctly identify abnormalities at an early stage,
reducing the risk of false negatives or false positives that may lead
to misdiagnosis or delayed diagnosis.” Understanding specifically
which types of images are most challenging to mammographic
readers can tailor and accelerate learning experiences thus
ensuring maximum return from very limited available time during
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application of Artificial Intelligence (Al) models since Al modelling
can be directed to what the human finds most challenging.*>
Tailored education is not a new concept: learning custom-
isation is an important component across many domains such as
healthcare, education and sports training.®'° Better recognition of
competencies already acquired, personal learning styles and spe-
cific needs of the individual have been proven to optimise and
maintain performance. Such learning also encourages the indi-
vidual to control their own learning process, promoting autonomy
and engagement.'! It is interesting that whilst medical imaging
has advanced greatly in many ways, personalised learning remains
limited. Nonetheless, in radiology and radiography some work has
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already been achieved; this includes utilising technologies like Al
and adaptive learning to create customised learning experiences.'?

Recent clinical, academic and industrial partnerships have
highlighted that with Al models, tailored mammographic test sets
can be developed in an automated way, that can benefit breast
image interpreters'> with such endeavours relying on what makes
things difficult for the reader. A recent three phased Al-based
study, aimed to predict which mammographic cases were diffi-
cult for: experienced test set users engaging with new cases;
inexperienced test set readers (with no history of test set reading)
engaging with cases only read by other individuals and all readers
engaging with cases that no one had ever engaged with.'? This
early work demonstrated much promise in being able to differ-
entiate between cases that users would find difficult before they
encountered the cases with mean area under the curve (AUC)
values of 0.81 when differentiating between hard, versus easy to
interpret cases.

This previous work however focussed on radiologist readings.
To ensure that we fully understand which cases are challenging
forall reader groups, work needs to acknowledge that in certain
settings such as the United Kingdom (UK), enhanced, advanced
and consultant radiographers who hold a qualification in image
interpretation interpret mammograms. For the purpose of the
study the term Radiography Advanced Practitioner (RAP) has been
used to reflect this cohort of readers. As a first step towards this,
the current study compares mammography readings of 16 RAPs
and 24 radiologists to establish if the same cases present the same
challenges for different reader groups. Acknowledging (if neces-
sary) that difficult image presentations may be different for
different reader types is a priority to optimise augmented Al
development to meet user needs.

Objective

This paper therefore is responding to the current move towards
personalised education and Al-based diagnosis. We cannot tailor
educational strategies for human readers or reader cohorts nor can
we direct Al-strategies optimally unless we better understand the
types of medical images that represent most diagnostic difficulty.
The current work therefore in the context of mammography, aims
to examine two cohorts of breast readers — radiologists and RAPs,
to firstly establish what type of images represent the biggest
challenge and explore if this is consistent between these two
reader groups.

Methods
Overview
This prospective study compared two cohorts of readers, radi-

ologists and RAPs, each of whom read the same set of 60 cases, 20
of which demonstrated cancer, whilst the remaining 40 cases were

Table 1
Reader demographics.
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normal. Readers were not informed of the ratio of positive and
negative cases. All cases were verified to be typical mixed density
screening cases by a senior radiologist responsible for training and
quality assurance. The cases were considered by a senior reporting
UK radiographer to ensure that cases represented a typical UK mix.

Ethics approval was granted from the lead researcher's affili-
ated university and consent was obtained from each reader
through completion of an informed consent form.

Participants and recruitment

The study involved two groups of breast screen readers —
radiologists (n = 24) and RAPs (n = 16). Recruitment was achieved
through a number of avenues: direct contact with their workplace,
social media platforms and international and national confer-
ences. All readers reported for both symptomatic and breast
screening cases and met minimum reading requirements in terms
of qualifications and minimum annual reads in their respective
countries. Radiologists were based in Australia, whilst RAPs were
employed by the National Health Service (NHS) in the UK. This
provided comparative professional perspectives and international
practice variation. Reader details are shown in Table 1.

Mammographic cases

All readers read the same mammographic test set comprising
of 60 cases gathered from the Australian Breast Screening Pro-
gramme and displayed in random order. Each case included two
standard cranial-caudal (CC) and two medial-lateral oblique (MLO)
projections and all images demonstrated acceptable technical
quality as verified by an independent consultant breast radiologist.
Prior cases were also presented when available. Twenty of the
cases contained a single biopsy-detected malignancy and the
remaining 40 cases were normal or benign and verified with a
normal screen two years later. Whilst the cancer cases consisted of
a variety of invasive and in-situ types with appearances including
asymmetric densities (n = 2), spiculated masses (n = 10) and
indeterminate micro calcification positive for ductal carcinoma in
situ (n = 8), for the purposes of this study we simply divided them
into soft tissue masses (n = 12) and calcifications (n = 8). The 40
normal cases included benign findings such as duct ectasia,
fibroadenomas, oil cysts and intra-mammary lymph nodes.

All cases were graded for mammographic density using Volpara
density grading.

Details of these cases are shown in Table 2 (cancer) and 3
(normal) (see Table 3).

Image viewing

To simulate a clinical reporting environment and as recom-
mended by the NHSBSP, participants undertook the study on a
5 MP reading workstation, in optimum lighting conditions suitable

Reader type Median value Interquartile range
Radiologists
Age Not available

How many years qualified

How many years reading mammographic images
Radiography advanced practitioners

Age

How many years qualified

How many years reading mammographic images

15 10-23
10 10-18
45 35.55
15 8-35

8 30-69
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Table 3

Details of the normal cases.

Table 2
Details of the cases presenting with cancer.

Case Cancer Mammographic Prior

appearance density

(soft tissue BIRAD scale

mass or A(Fatty) -

calcification) D (Extremely

Dense)

Case 1 Calcification D Yes
Case 2 Soft tissue A Yes
Case 3 Soft tissue B Yes
Case 5 Soft tissue B No
Case 8 Soft tissue B Yes
Case 10 Soft tissue C Yes
Case 13 Soft tissue B Yes
Case 14 Soft tissue D Yes
Case 16 Soft tissue B No
Case 18 Calcification B Yes
Case 26 Calcification B No
Case 32 Calcification B No
Case 33 Calcification C No
Case 35 Soft tissue A Yes
Case 36 Calcification B Yes
Case 40 Soft tissue B Yes
Case 41 Soft tissue C No
Case 49 Soft tissue B Yes
Case 51 Soft tissue C Yes
Case 57 Calcification A Yes

for image interpretation. Images were accessed via the cloud using
the DetectedX platform, an online elearning platform (DetectedX,
Sydney Australia) in such a way that full native resolution was
available at all times. The typical post-processing tools were
available such as windowing, panning and magnification. Partici-
pants marked any area of an image that was indicative of cancer.
Once marked, the reader rated their confidence using a one to five
scale, with one representing complete confidence that the case
was normal, two representing a benign case and five representing
absolute confidence that a malignancy was present. Any marking
located within a pre-set radius from a cancer appearance was
considered correct, with radii set by expert radiologists with the
relevant pathology reports. Readers could mark as often as they
liked on any of the images. All readers were able to change any
image judgements as often as they wished, until the stage when all
cases were completed and all answers submitted. Information on
the number of cases with an abnormality was not made available
to the participant. The scoring system and image processing op-
tions available on the DetectedX platform was explained to each
reader prior to commencing the study.

Data analysis

Each case was given a specific difficulty index as described by
Rawashdeh et al.'* Briefly, this was calculated as follows. For the
cancer cases, the number of readers that did not correctly locate
the cancer (gave a score of 1 or 2 using the scoring scale described
above) was divided by the total number of readers. So, for example
if 20 of the 24 radiologists did not identify the cancer for a
particular case, the difficult index for that case would be 20/
24 = 0.8. The same process was applied to normal cases: for each
case, the number of readers who incorrectly identified a normal
case as having cancer (gave a score of 3-5) was divided by the total
number of readers. This was done separately for the radiologist
and radiographer cohorts.

Analyses were performed separately for the radiologist and
radiographer cohorts and to test for data normality, the

Case Mammographic Prior
density BIRAD
scale A(Fatty) - D (Extremely

Dense)
Case 4 C No
Case 6 B Yes
Case 7 C No
Case 9 B No
Case 11 C Yes
Case 12 B Yes
Case 15 A Yes
Case 17 B Yes
Case 19 B Yes
Case 20 C Yes
Case 21 B Yes
Case 22 A No
Case 23 C Yes
Case 24 B Yes
Case 25 C Yes
Case 27 B No
Case 28 B No
Case 29 B Yes
Case 30 B Yes
Case 31 C Yes
Case 34 B Yes
Case 37 A Yes
Case 38 B Yes
Case 39 C No
Case 42 B Yes
Case 43 D Yes
Case 44 B No
Case 45 B Yes
Case 46 C No
Case 47 B Yes
Case 48 B Yes
Case 50 A Yes
Case 52 C Yes
Case 53 C Yes
Case 54 C Yes
Case 55 D Yes
Case 56 B Yes
Case 58 C Yes
Case 59 B No
Case 60 C Yes

D'Agostino-Pearson omnibus test was employed. For cancer cases,
difficulty indices were compared between different the two types
of cancer appearance (soft tissue vs calcifications), level of breast
density (A, B vs C, D) and the availability of prior images vs no
prior images. For normal cases, density levels (A, B vs C, D) and
the availability of prior images vs no prior images were analysed.
Due to non-normal distribution of the data, the unpaired
Mann-Whitney tests were employed for the above comparisons.
Lastly, the Spearman correlation analysis was used to identify as-
sociations between radiologists and radiographer difficulty indices
for cancer and normal cases separately.

Results
Cancer cases

The four cancer cases with the highest and lowest difficulty
indices are shown respectively in Fig. 1a and b for radiologists and
Fig. 2a and b for RAPs. Two cases overlapped for both cohorts
(Cases, 5 and 35). Our findings demonstrate that for RAPs, signif-
icantly greater difficulty was found for those cancers with soft
tissue appearances compared with those demonstrating
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b: MLO Projections from the lowest difficulty index cancer cases- Radiologists

Figure 1. a MLO Projections from the highest difficulty index cancer cases - Radiologists. b MLO Projections from the lowest difficulty index cancer cases- Radiologists.
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a: MLO Projections from the highest difficulty index cancer cases — RAPs

Case §

b: MLO Projections from lowest difficulty index cancer cases- RAPs

Case 41

Figure 2. a MLO Projections from the highest difficulty index cancer cases — RAPs. b MLO Projections from lowest difficulty index cancer cases- RAPs.

calcifications (p = 0.003) (Table 4). No significant differences were
noted for the radiologists.

Normal cases

For the normal cases, the four image tests sets with the highest
and lowest difficulty indices are shown respectively for radiolo-
gists in Fig. 3a and b and 4a and 4b for the RAPs. Case 28 was
identified by both professional groups to be the most difficult.
Table 5 shows significantly greater difficult scores were shown

for the RAPs for cases without prior images (p = 0.03)) compared
to those with prior images respectively. No significant differences
were noted for the radiologists.

Reader cohort comparison

The Spearman analysis demonstrated a strong difficulty indices
agreement for cancer and normal cases respectively (r = 0.83
C1:0.61-0.93) AND (R = 0.73; CI:0.54-0.85) between the radiologist
and radiographer groups.
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Table 4
Results from the statistical analysis for cancer cases. Scores for difficulty indices are
shown as well as p values. Statistical difference is shown in bold.

Case type Median IQ range p value

Radiologist
Soft tissue vs 0.06 0.04-0.14 0.13
Calcification 0.03 0.01-0.08
Low density vs 0.05 0.03-0.11 0.67
High density 0.08 0.03-0.14
Prior vs 0.06 0.03-0.14 0.16
No prior 0.03 0.01-0.18

Radiography advanced practitioner
Soft tissue vs 0.16 0.08-0.39 0.003
Calcification 0.06 0.04-0.08
Low density vs 0.08 0.04-0.16 0.09
High density 0.18 0.08-0.29
Prior vs 0.12 0.07-0.60 0.33
No prior 0.08 0.04-0.12

Discussion

Criteria that impact upon image interpretation have been
identified through platforms such as the Personal Performance in
Mammographic Screening (PERFORMS) in the UK and Breast
Screen Reader Assessment Strategy (BREAST) in Australia. Litera-
ture has also demonstrated an array of factors which determine
high diagnostic efficacy.” ' However, these factors focus on all
reader types grouped together or solely radiologists. This study
investigated two types of health care professionals that interpret
mammograms with a specific focus on the mammographic feature
type that presented most difficulty. Our findings demonstrate that
whilst a significant correlation was shown between RAPs and ra-
diologists for case difficulty for both cancer and normal cases,
some case-specific factors that significantly affected performance
appeared to be unique to RAPs.

When images displayed a cancer, the cases that appeared to
challenge radiographer readers to a greater extent, were those that
featured soft tissues lesions rather than micro-calcifications and
those in breasts with higher rather than lower density (although

Case 43
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this latter finding was not significant — p = 0.09). The soft tissue vs
micro-calcification finding is an interesting observation since with
the improvements in digital technology and the availability of high
performing post-processing tools, the visibility of soft tissue le-
sions, even in higher densities should have arguably improved.
Nonetheless, it appears that perception of these lesion types is still
the major problem,?” suggesting that further technical advances
around enhancing soft tissue lesion visibility is required particu-
larly when this lesion appearance is juxtaposed with dense breast
parenchyma. It is reassuring that RAPs appear to have fewer
problems with micro-calcifications compared with other lesion-
types, since characterisations of these lesions are important for
differentiating between benign and malignant appearances.>>2°

These data specifically describing radiography performance
are preliminary and do not attempt to explain why detecting soft
tissue lesions or indeed interpreting dense breast tissue may be
more difficult compared with other lesions. Even so, this study
suggests that radiologists may not be faced with the same chal-
lenges as their radiography colleagues for this appearance. Until
the reasons for this inter-professional difference are identified,
we can only surmise that extra support to optimise radiography
performance could be enhanced through education and test set
materials that focus on these appearances. The need for supple-
mentary technical developments as suggested above have also
been highlighted.

For normal cases the absence of prior images appeared to be a
major agent. Both cohorts of readers found cases without prior
images difficult to interpret compared to when priors were avail-
able, with this finding only statistically significant for RAPs. Pre-
vious research has demonstrated that prior images can improve
cancer detection rates and can reduce the mammography
screening recall rates.'#?%?” The highly variable nature of breast
structures even from normal mammographic appearance can
make interpretation extremely difficult,”®?° therefore, being able
to compare current with previous images allows for a rigorous
temporal assessment whilst reducing to some extent the
confounding nature of normal nuances. The current findings are
aligned with other studies that have demonstrated a strong
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a: MLO Projections from the highest difficulty index normal cases — Radiologists
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37
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WW/WL: 4096 / 2047

b: MLO Projections from the lowest difficulty index normal cases — Radiologists

Figure 3. a MLO Projections from the highest difficulty index normal cases - Radiologists. b MLO Projections from the lowest difficulty index normal cases - Radiologists.
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Figure 4. a MLO Projections from the highest difficulty index normal cases — RAPs. b MLO Projections from the lowest difficulty index normal cases - RAPs.

Table 5
Results from the statistical analysis for normal cases. Scores for difficulty indices
are shown as well as p values. Statistical difference is shown in bold.

Case type Mean/Median SD/IQ range p value
Radiologist
Low density vs 0.17 0.05-0.30 0.97
High density 0.15 0.07-0.28
Prior vs 0.15 0.04-0.26 0.20
No prior 0.27 0.09-0.38
Radiography advanced practitioner
Low density vs 0.20 0.09-0.32 0.50
High density 0.12 0.08-0.35
Prior vs 0.12 0.08-0.32 0.03
No prior 0.24 0.15-0.45

association between specificity and availability of previous
mammograms.”®

This is a preliminary study, and limitations include reader
recruitment. Potential bias in performance needs to be acknowl-
edged with variation in the number of participants in each reader
group. The sample size of 16 RAPs and 25 radiologists may also be
considered low, however similar studies have been reported with
fewer participants.’?? Nevertheless, a larger group of both co-
horts would have allowed for a more in-depth analysis. One way in
which to increase our data is to work with test set groups in the UK
and elsewhere such as PERFORMS (UK) and BREAST (Australia)
respectively and establish if data available from previous readings
there could complement our future work. This is now being
planned. A recently established Special Interest Group affiliated
with the Society and College of Radiographers and developed by
the author (NL) will facilitate processes that will encourage larger
radiography reader numbers in future studies.

Conclusion

In conclusion, this study demonstrates a reasonable correlation
between radiologists and radiography advanced practitioners
when determining which mammographic cases are difficult to

interpret, regardless of whether the cases are with pathology or
normal. This should help direct future Al efforts towards those
cases that present with the highest difficulty ratings. Despite the
agreement between the two professional groups, specific types of
appearances were shown to be specifically challenging for the
radiography advanced practitioners, which require tailored
educational strategies and technical supports to minimise inter-
pretative error.
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